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Abstract—The ever-increasing integration of stochastic renew-
able energy sources into power systems operation is making the
supply-demand balance more challenging. While joint chance-
constrained methods are equipped to model these complexities
and uncertainties, solving these problems using traditional itera-
tive solvers is often time-consuming, limiting their suitability for
real-time applications. To overcome the shortcomings of today’s
solvers, we propose a fast, scalable, and explainable machine
learning-based optimization proxy. Our solution, called Learning
to Optimize the Optimization of Joint Chance-Constrained Prob-
lems (LOOP —JCCP), is iteration-free and solves the underlying
problem in a single-shot. Our model uses a polyhedral reformu-
lation of the original problem to manage constraint violations
and ensure solution feasibility across various scenarios through
customizable probability settings. To this end, we build on our
recent deterministic solution (LOOP — LC 2.0) by incorporating
a set aggregator module to handle uncertain sample sets of
varying sizes and complexities. Our results verify the feasibil-
ity of our near-optimal solutions for joint chance-constrained
power dispatch scenarios. Additionally, our feasibility guarantees
increase the transparency and interpretability of our method,
which is essential for operators to trust the outcomes. We
showcase the effectiveness of our model in solving the stochastic
energy management problem of Virtual Power Plants (VPPs).
Our theoretical analysis, supported by empirical evidence, reveals
strong flexibility in parameter tuning, adaptability to diverse
datasets, and significantly improved computational speed.

Index Terms—Chance-constrained optimization, energy
management, explainable artificial intelligence (XAI), machine
learning (ML), power dispatch, uncertainty.

I. INTRODUCTION

HE transition to sustainable energy, with its emphasis

on integrating renewable sources, introduces increased
uncertainties in power dispatch challenges [1]. This shift puts
pressure on reserve capacities and power flows, posing risks
to the resilience of electric networks. Consequently, there is
a critical need to develop swift and effective solutions for
stochastic power dispatch problems [2], [3].
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Joint chance-constrained methods, which consider the col-
lective probability of multiple constraints, provide solutions
that are appropriately balanced, ensuring both security and
cost-effectiveness at the system level [4]-[6]. These methods
are extensively applied in various power dispatch scenarios,
including frequency security [7], [8], scenario generation [9],
load forecasting [10], and the coordination of electricity and
heating systems [11].

Data-driven techniques are typically used for joint chance-
constrained problems to achieve a balance between feasibility
and cost optimality. The scenario approach, a common method,
involves identifying solutions that remain feasible across all
historical scenarios. While it provides probabilistic feasibility
guarantees, it often leads to overly conservative outcomes
due to the need for large sample sizes and the challenges
posed by high-dimensional spaces [5], [12], [13]. Another
technique, the conditional value-at-risk (CVaR) approximation,
aims to quantify expected losses in the worst-case scenarios.
However, its sample approximation can suffer from adjusta-
bility and dimensionality issues, potentially leading to unsafe
risk estimations [2], [3]. Additionally, robust optimization,
which ensures probabilistic constraints within a predefined
uncertainty set based on statistical moments, faces difficulties
in selecting an optimal safety parameter to balance coverage
of probability mass and cost reduction [14], [15]. In addition
to moment-based sets, the Wasserstein distance has also been
applied to measure distributional uncertainty [16], [17]. The
Wasserstein distance quantifies the difference between empir-
ical data distributions and the true underlying distribution.

Joint chance-constrained methods introduce greater compu-
tational challenges due to complex dependencies among con-
straints, which significantly increase computational demands.
To enhance efficiency in handling these challenges, Machine
Learning (ML) has been increasingly utilized across various
power system applications, particularly in tasks that require
repetitive execution [18]-[23]. Furthermore, the integration
of Explainable AI (XAI) techniques not only enhances the
transparency of ML models but also fosters trust by offering
clear insights into their decision-making processes. This ad-
vancement allows stakeholders to better understand, validate,
and effectively implement ML solutions, thereby enhancing
the robustness and accountability of power system operations.

Existing ML-assisted methods for chance-constrained op-
timization have predominantly focused on probabilistic pre-
diction under uncertainty [24]-[26] or status classification [4]
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to aid solvers in the subsequent solution search. However, the
iterative nature of traditional solvers often limits their utility in
real-time decision-making [27], and these studies still largely
depend on such solvers for the optimization process [26].
This reliance highlights a significant research gap — the need
for tractable surrogate models that can directly predict opti-
mal solutions for chance-constrained problems. The potential
of learning-based methods to overcome the computational
challenges inherent to chance-constrained methods remains
largely untapped and represents a substantial opportunity for
advancement.

In this paper, we develop a neural approximator to predict
the optimal solution for joint chance-constrained power dis-
patch problems, specifically focusing on Virtual Power Plants
(VPPs). Our approach, called Learning to Optimize the Op-
timization of Joint Chance-Constrained Problems (LOOP —
JCCP), builds upon previous efforts, addressing the unique
demands of joint chance-constrained problems:

e Near-Optimality: Our neural approximator is designed to
efficiently map input parameters and sample sets to high
quality solutions (that are close to optimal outputs of joint
chance-constrained power dispatch problems).

o Constraint Compliance with Adjustable Probability: Our
model features a closed-form, explainable feasibility
module with customizable probability settings, offering
flexibility during both offline training and online test-
ing. This module ensures predicted solutions consistently
adhere to necessary constraints while providing trans-
parency and interpretability in how probability settings
impact solution feasibility, aligning with XAI principles.

e Rapid and Repetitive Execution: Using an iteration-free
structure, our method is multiple times faster than tra-
ditional solver-based models. The proposed LOOP —
JCCP model substantially enhances the efficiency of
timely and repetitive tasks. This speed advantage is key
to its effectiveness in dynamic operational environments
and applications with moving time horizons.

o Scalability to Different Input Sequences and Scales:
Demonstrating remarkable adaptability, the LOOP —
JCCP model’s structure is uniquely designed to be in-
sensitive to the order of input samples. It can effortlessly
handle varying numbers of samples, showcasing its ro-
bust scalability and flexibility across different operational
scales.

Central to our approach is a novel polyhedron reformu-
lation of the original chance-constrained problem, enabling
the model to effectively learn the constraints specific to
these problems. We also incorporate insights from our recent
work on Learning to Optimize Linearly Constrained Problems
version 2.0 [28] (LOOP — LC 2.0), facilitating adjustments
in violation rates. These innovations collectively enhance the
performance of the proposed LOOP — JCCP model in terms
of cost optimality, speed, feasibility, and scalability.

II. CHANCE-CONSTRAINED POWER DISPATCH PROBLEM
FORMULATION

A. Problem Formulation

Consider a VPP comprising of N prosumers (producers
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Fig. 1. Diagram of the VPP in this study, highlighting uncertainties from
non-dispatchable sources like photovoltaic arrays and wind turbines, due to
variations between actual and predicted renewable energy outputs.

+ consumers), each represented by an index ¢ where ¢ =
1,---, Na. As illustrated in Fig. 1, each prosumer owns a
diverse range of DERs. This includes dispatchable generators
such as energy storage systems and electric vehicles, as well as
non-dispatchable generators like photovoltaic arrays and wind
turbines. The aggregation also encompasses both inflexible
(critical) and flexible (noncritical) loads. These prosumers may
operate under different distribution utilities. The overarching
goal of the VPP is to effectively coordinate these prosumers,
ensuring optimal energy contribution to the grid under uncer-
tainty of renewable energy while simultaneously optimizing
the individual utility functions of each prosumer.

The power dispatch problem for the VPP is formulated
as presented in (1). Equations (1b) and (1c) specify that the
dispatchable generator P} and the flexible load P} must be
maintained within their respective safe operating ranges. The
overall output power of an prosumer is defined by (1d) as
P!, where P{ represents the power from non-dispatchable
generators (i.e., predicted power from renewable sources), and
P}, represents the power of inflexible loads. Local distribution
utility constraints are accounted for in (le). Additionally, (1f)
ensures that the total output of the VPP is in accordance
with the planned production schedule Psg,. The objective
function, defined in (la), assigns a quadratic utility function
to each dispatchable generator and flexible load, following the
formulation described in [29].

Na
min f = > ((B4, PE” + BhaPE) + (B2 PL™ + B, PY)
i=1 (o)
Plin < Py < Phoi=1,--- Na (1b)
Ploin < PL< Ppassi=1,--+ ,Na (lo)
Py =P5 - P+ P - P, (1d)
Pomin < Py < Poax (le)
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Na
> P! = Psa (1f)
i=1

We account for the uncertainty €' arising from non-
dispatchable generators (renewable generators) associated with
each prosumer i, where ¢ = 1,--- , Na. This uncertainty re-
sults in deviations from the predicted power P to Pi +€".
Consequently, we model the responsive ad_]ustment of dis-
patchable generators from PG to PG ag Z e' and flexible
loads from P} to P} + o Zl 1 €. These adjustments will
help satisfy (lf) in the face of uncertainties. Here, o, and af
represent the participation factors for dispatchable generators
and flexible loads, respectively. These factors are calculated as:

7 P(i}max
aG = Na 7 7
Z (PGmax + PLmax)
. Pl
O‘i — - Lmax - (2)
E (PGmax + PLmax)

Subsequently, the deterministic power dispatch problem in
(1) is restructured into the chance-constrained model in (3),
substituting P! for simplicity. In (3), the joint chance con-
straint (3b) ensures that all individual constraints are satisfied
simultaneously with a probability greater than 1 — . The
parameter € (ranging from O to 1) sets the acceptable level
of violation within the chance constraint framework.

Na
min f =Y (851 PE” + BaaPl) + (BLLPL + BLaPL))
=1 (33)
P in <PG_O‘G21 NE < Pl et =1, Ny
Pﬁmm §P’ —OzLZ:z 16’ < Pﬁma)u =1,---,Nx
P Pémln—(PG_aGZz 16-) (PNG+€i)
+Pq — (PL+aL21 16) Pit, < Plaxs
1= 1 NA
>1-¢ (3b)
Na
Z(Pé + Pig — P = P) = Psen (3¢)
=1

Let vector € = [¢' | i = 1,--- , Na] represent the collection
of all uncertainties within the VPP. The chance-constrained
power dispatch problem, expressed in its compact form, is
presented in (4). In this formulation, = [Psen, Pia, Py, |
i = 1,---,Na] denotes the collection of input parameters,
while u = [P4, P} | i = 1,---,Na] represents the stacked
optimization variables. The matrices Acq, Beq; Aineq; Bineqs
Clineq, and vector bineq constitute the compact parameters.

min f(u) (4a)
st. Agqu+ Begz =0 (4b)
]P)(Ainequ + Bineqa3 + C'ineq6 + bineq < 0) > 1—¢ (40)

In order to convert probabilistic constraints into deter-
ministic ones, a set of samples (also referred to as sce-
narios) {€lFl} =< is utilized. The VPP faces the challenge
of repeatedly solving the problem as defined in (4), with
varying input parameters  and sample sets. The objective
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of this optimization process is to find an optimal solution u
that minimizes the objective function f while also satisfying
probabilistic guarantees.

B. Overview of Key Reformulation Strategies

To solve any joint chance-constrained problem, it must first
be reformulated into a tractable format. This subsection intro-
duces three widely adopted reformulation strategies: (1) the
scenario approach; (2) the sample average approximation; and
(3) robust optimization-based methods.

1) Scenario Approach

The scenario approach stands out for its simplicity and
effectiveness. Its most compelling attribute is its universal
applicability. This method (presented by (5)) is entirely data-
driven and does not rely on any assumptions regarding the
underlying probability distribution. Essentially, the scenario
approach identifies an optimal solution that remains feasible
across all Ngcen, scenarios.

min f(u) (52)
st. Aequ+ Begz =0 (5b)

Aineqtt + Bineg® + Cineq € + bineq < 0
k=1,---, Nscen (50)

The effectiveness of the scenario approach is significantly
influenced by the availability of a sample set. After the sample
set is established, this approach allows for only limited adjust-
ments to the conservatism of the derived solution. Another
major challenge faced by this method is its handling of
dimensionality, especially when there is a requirement for a
large sample size.

2) CVaR Reformulation Using Sample Approximation

CVaR is a risk measure that estimates the expected loss
in the worst percentage of scenarios. Sample approximation
is commonly used to approximate CVaR. By introducing
an auxiliary variable S for each uncertainty scenario k,
where k& = 1,--+, Ngcen, to represent uncertain constraint
violations [30], the joint chance-constrained problem in (1)
can be reformulated into a more tractable convex problem as
in (6).

min f(u) (6a)
st Agqu + Beqw =0 (6b)
Alnequ + Blneqm + Clneqe + blneq /B[k] 1
k:]~7"'7NSCel’l (60)
1 Nscen
NSccn Z B[k] B (1 6)60 S O (6d)
k=1
6[k] Zﬂoa Vk:]., 7NSccn (66)

where auxiliary variable 3° denotes a threshold such that the
chance constraint violation exceeds 3° in the worst  percentile
cases. And constraint (6d) and (6e) imply 3° < 0.

Similar to the scenario approach, the CVaR reformulation
using sample approximation offers limited flexibility in ad-
justing the conservatism of the solution once a sample set is
given. This method also faces significant challenges related to
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dimensionality, especially when a large sample size is required.
Furthermore, integrating the CVaR reformulation into a neural
network is complex due to the auxiliary variables involved.
The number of these variables correlates with the sample num-
ber Ngcen- Since traditional neural network structures produce
outputs of fixed size, mimicking the CVaR reformulation with
variable sample sets may pose additional difficulties.
3) Robust Optimization with Moment-Based Reformulation
Another common strategy for addressing chance-cons-
trained problems is robust optimization, where probabilistic
constraints must hold across all scenarios within a defined safe
approximation set [3]. This set is often characterized using the
first and second moments (mean and covariance) of uncertainty
[2], leading to a robust formulation as follows:

min f(u) (7a)

st. Agqu+ Begz =0 (7b)
Al ut Bl 2+ Ol ens + b1,

+5(1—e)|Clr) eseall2 < 0, vr (7¢)

In this formulation, D{"} represents the rth row vector in
matrix D. The vectors €,,; and €sq denote the mean and
standard deviation, respectively, of the sample set {e[k]}gj?“.
The safety parameter s > 0 plays a critical role; a larger
value of s(1—¢) tightens the constraints, resulting in a smaller
feasible set and potentially more expensive solutions.

Integrating moment-based robust reformulation into a neural
network poses challenges, as it requires addressing constraints
individually — each row in the parameter matrix represents a
distinct constraint. This characteristic complicates the integra-
tion and parallel operations within a neural network structure.

All three reformulations transform the joint chance-
constrained problem into deterministic forms and rely on
iterative solvers for optimal solutions (1). We introduce a
neural approximator, LOOP — JCCP, developed to predict
solutions for these problems efficiently. Additionally, due
to integration challenges with existing methods, we propose
a novel polyhedron reformulation designed to improve the
neural network’s learning efficiency.

III. MACHINE LEANING METHOD
A. Overview of the Proposed LOOP — JCCP Model

Our proposed approach seeks to replace traditional solvers
with a trained neural network (denoted as &) to tackle
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Fig. 2. LOOP — JCCP model as an alternative to iterative solvers to deal
with the task of repeatedly solving power dispatch optimization for VPPs.

problem (4). This is illustrated in Fig. 2.

The proposed LOOP — JCCP model is designed to yield
an optimal solution to the problem, given input parameters and
a set of uncertainty samples:

uA

Ewlz, {eM}55em) (8)

The model &, is developed with the following specific
objectives:

1) Near-optimality: The model’s output should closely ap-
proximate the optimal solution of problem (4).

2) Feasibility Assurance: It should ensure that the con-
straints are met, adhering to a customizable probability setting
of 1 —e.

3) Scalability and Flexibility: The model must accommodate
different orders of input samples and be capable of handling
varying numbers of samples, Ngcen.

Given the difficulties in integrating traditional reformulation
methods into a neural network, our model utilizes the structure
of LOOP — LC 2.0 [28] and a novel polyhedron reformula-
tion. Our model overcomes existing challenges and enhances
performance in feasibility and adaptability.

As depicted in Fig. 3, the proposed model comprises (i) the
set aggregator module, (ii) the optimization module (a neural
network), and (iii) the feasibility module. The following sec-
tions will detail different modules and their interconnections.

4 Proposed model &, )

(" Setaggregatormodule ) Optimization /| Feasibility module

! : ' module ' : i

Uncertziinty :Cineq Ave DAve! Neural network + E Inequality Equality E

samples |1 (Chnoa i} Nscon ! T ' 1 completion completion ''| Generation

{elk] }NSccu 4 — PMax! L Mind | Generalized 4 u

i ! : I | gaugemap Uy !

Load - ; > K \ T !

X \ _______________________________________ U e ~/

Fig. 3.

Schematic of the proposed LOOP — JCCP model, which integrates the LOOP — LC 2.0 structure [28] with a novel polyhedron reformulation.

This model efficiently learns solutions to joint chance-constrained power dispatch problems within VPPs, delivering near-optimal approximations and ensuring

feasibility with customizable probabilities. By incorporating XAI components,

such as the set aggregate module and the closed-form feasibility module, it

provides transparency and adaptability to diverse sample sizes and input sequences, enhancing interpretability and trust in the decision-making process.
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B. Set Aggregator Module

The set aggregator module is designed to provide a con-
sistent and generalizable approach for dealing with variable
sample sizes. This flexibility is crucial as the number of
scenarios Ngcen, may vary with different input parameters .
Additionally, the model’s response should be permutation-
invariant [31], meaning it remains unaffected by the order of
elements in the sample set. Formally, for any permutation T,
the model satisfies &y (x, [€lY, - -+, eNseen]]) = & (2, [e[*(D],

. 7€[Tr(NSCen)]]).

To process the set input {e[k] }fcvzscf“, we employ aggregation
methods using the average and maximum values as input
features. Each element €l*! is first individually processed
through the matrix Cj,cq. The resulting vectors, the average
Paveg and the maximum ¢y, are calculated as shown in (9)
and (10). These aggregated representations are then combined
with x and fed into the optimization module.

T Cegel
e NSCen
¢max = maX{Cineqe[k] ‘ k= 17 e 7NScen}

€))
(10)

This module effectively handles varying numbers of sam-
ples in the joint chance-constrained power dispatch problem
and ensures consistent outputs irrespective of input sequence
order. The set aggregator module, implementable in code and
compatible with backward propagation, can be integrated into
various differentiable ML models.

The outputs of this module, the two single representations,
are conveyed to the optimization module (a neural network) to
derive a high-quality solution for problem (3). Subsequently,
the feasibility module verifies that the solution complies with-
constraints, maintaining the adjustable probability threshold.

C. Feasibility Module

The feasibility module is crucial for ensuring solutions
that are not overly conservative while still providing feasi-
bility guarantees. These guarantees are probabilistic, ensuring
compliance with the chance constraints. To achieve this, we
introduce a new polyhedron reformulation, which effectively
transforms the original joint chance-constrained problem into
a deterministic format. This reformulation is designed for
seamless integration into the ML model. Subsequently, we
enhance the feasibility of the polyhedron reformulation by
incorporating the LOOP — LC 2.0 model, as described in
[28]. The LOOP — LC 2.0 model employs techniques such as
variable elimination and gauge mapping for managing equal-
ity and inequality constraints, respectively. These techniques
enable the generation of solutions that are both feasible and
close to optimal. By employing this closed-form, explainable
feasibility module, our approach aligns with XAI principles,
providing transparency and interpretability in how the model
ensures constraint compliance. In subsequent sections, we
delve into the specifics of the polyhedron reformulation and
the integration of the LOOP — LC 2.0 model, detailing their
roles in achieving the desired model outcomes.
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1) Proposed Polyhedron Reformulation

In the feasibility module, we ensure that the model’s out-
puts adhere to both equality constraints (4b) and inequality
constraints (11):

Ainequ + Bineqw + pd)max + (1 - p)d)avg + bineq S 0
(11)

Here, p represents the safety parameter, ranging between
[0, 1]. Higher value of p increases the weight of ¢,,x, Which
results in a more conservative consideration of uncertainties.
Differently put, a higher value of p directs the model to
optimize within a smaller feasibility range. Specifically, at
p =1, (11) simplifies to (12). The above equation represents
a compact and computationally efficient reformulation of the
inequality constraints, which is particularly advantageous for
handling large sample sets. Under this condition, the model
optimizes similarly to the scenario approach, ensuring feasible
solutions for every scenario in the sample set, often leading
to lower than necessary violation rates.

Ainequ + Bineqw + maX{Cineqek ‘ k= 1a toe 7NSCen}
+ bincq <0 (12)

Conversely, with p approaching zero, the model considers
a larger feasibility range with minimal uncertainty. Thus, as p
varies from zero to one, the model’s conservatism shifts from
considering zero uncertainty to accommodating all uncertainty
scenarios as feasible.

Therefore, by manipulating the safety parameter p, the
feasibility module can adjust the probability that the solu-
tion adheres to constraints (4b) and (11). The LOOP —
JCCP model is trained to optimize the problem as defined
in (13), considering this adjustable parameter p.

min f(u)s.tu € S = {(4b), (11)}

2) LOOP — LC 2.0 Model Integration

To achieve hard feasibility with respect to the constraints
of polyhedron reformulation, we integrate the LOOP —
LC 2.0 model into the feasibility module. This module encom-
passes two submodules: equality completion and inequality
completion, which will be discussed in detail.

Equality Completion Submodule: This submodule is de-
signed to satisfy equality constraints (4b) by eliminating
variables. Given the equality constraints defined in (4b), we
classify the variables w into two groups: dependent variables
Upep and independent variables wr,q. The transformation
function F maps ur,q t0 Upep, as outlined in the linear
transformation suggested by [27] and denoted in (14):

13)

uDep - IE‘(’u'lnd) (14)

Incorporating the relationship F into (13) and substituting
Upep, We reformulate the feasible range in terms of ur,q. The
reformulated constraint set Sgef is given as (15).

F(u
SRef = {ulndep ‘ Aineq |: ( Ind):| + -Bineqsc +p¢max
UTnd

+ (1 _p)¢avg + bineq < 0} (15)
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Given ur,q € Sget, this submodule applies [F to generate a
full-size u = [uDep, Urnd), ensuring compliance with (4b).

Inequality Completion Submodule: This submodule adheres
to inequality constraints employing the generalized gauge map
method from [28]. This method maintains the feasibility of
linear constraints by modifying predictions to fit within the
desired range. The gauge map function, denoted as T, either
maintains the predictions as-is if they are within the feasible
range or scales them to the boundary, thus converting any
infeasible predictions into feasible outputs upg € Sgrer- The
generalized gauge map T is applied as per (16).

Urnd

maX{l? VSnen (ﬁlnd)}
where 41,4 is the direct prediction of the neural network with
the same dimension as urnd. Spefo = {Ua | (Wmdo +
Uina) € Srert} is a shifted set of Sger by an interior point

UInd,0-VSper (Wind) 18 the Minkowski function value of @,q
on set Sgefo, defined as (17).

(16)

Umnd = T(dma) = + ULnd,0

. Al g
i) = { A

where A and b(x) constitute the compact parameters of S®ef,
namely, equation (15) can be condensed to SRef = {ylndep |
Augng < b(x)}. The superscript r denotes the rth row in a
vector (or matrix).

Given any input prediction #y,q from the neural network,
this submodule ensures that w,q remains within Sges.

In summary, with input parameter a and set input
{el¥] }ivzscl'e“, the model produces a prediction u € S. Adjusting
the parameter p alters S ’s range, ensuring that the prediction
w satisfies constraints with a customizable probability.

D. Model Training

1) Dataset

The datasets used in this study are classified into four
categories: in-sample training, out-sample training, in-sample
testing, and out-sample testing datasets. Classical solver-based
methods like the scenario approach and the CVaR method,
which do not require parameter tuning, utilize only testing
datasets. The in-sample testing data is employed to refine
the model by identifying underlying patterns, while the out-
sample testing data evaluates the model’s robustness on novel
scenarios. For methods like robust and polyhedron reformula-
tions that involve tuning a safety parameter, this parameter is
selected offline using both in-sample and out-sample training
datasets.

Our proposed ML-based model undergoes initial training
with the in-sample training dataset, with performance vali-
dation and safety parameter selection using the out-sample
training dataset, as shown in Fig. 4. Final testing occurs online
with the out-sample testing datasets to confirm the model’s
efficacy and performance.

2) Loss Function

Our model allows two distinct training methodologies as
outlined in [32]: 1) Training with a solver in the loop. 2)
Training without a solver in the loop, which involves direct
minimization of the objective function.
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Fig. 4. Flow chart of safe parameter selection for the proposed model.

In this research, we use the distance between the model’s
prediction, denoted as u?, and the optimal solution obtained
through polyhedron reformulation (as shown in (13)). The
optimal solution via polyhedron reformulation, represented as
upp, is computed using commercial solvers. This distance
forms the basis of our loss function L, detailed in (18).

N
1 n n)*x
L= 2 ™% a3
n=1

where N denotes the number of training data points, and (n)
denotes its index.

(18)

1V. EXPERIMENTAL RESULTS
A. Experiment Setup

1) Test Systems

We analyze a Virtual Power Plant (VPP) consisting of
50 prosumers — half equipped with photovoltaic (PV) arrays
and the other half with wind turbines. We employ the same
coefficients for generators and loads as those used in [22]
and [33]. The dispatchable generators operate within a range
of [0, 80] kW, and flexible loads vary from [10, 25] kW,
maintaining total output within 100 kW. Load profiles are
based on real-world data collected in Central New York on
July 24, 2023 [34], and are diversified with a 10% random
fluctuation to represent variations across individual prosumers.
Non-dispatchable generation from photovoltaic arrays spans
0-50 kW, calculated using regional solar radiation intensity
data from the Global CMP22 dataset on the same date [35]
and additional parameters from [22]. Wind speeds from New
York City’s Central Park, also on July 24th, 2023 [36], help
estimate wind generation for each prosumer, ranging from 5-
50 kW.
2) Training Data

To mitigate the risk of data inadequacies, we employed
traditional solvers in this work to generate datasets for offline
training. We consider a fixed in-sample numbers of 1000 and
out-sample number of 10000 for each data point. We use
a train/test ratio of 1:1 where odd indexed data points are
for training and even indexed data points are for testing. We
assume that all non-dispatchable generators fluctuate around
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their forecasted power with a standard deviation of 10%. We
set the desired violation probability of the chance constraint to
€ = 0.05, which is a value commonly used in power systems
applications [5].

3) Neural Network and Solver Configuration

Our neural network models are designed with a single hid-
den layer, comprising 200 hidden units. The Rectified Linear
Unit (ReLU) activation function is employed to introduce non-
linearity into the models. For optimization computations in
solver-based methods, we utilize the widely-accepted commer-
cial solver, Gurobi [37].

4) Metrics for Comparative Analysis

Our analysis employs two primary metrics for a comprehen-
sive evaluation of the methods under study, the coresponding
solution obtained using the considered method is denoted as
U moa- e Tun 10 times to use the average as the results.

e Objective Cost Rate: This metric is designed to enable
standardized comparisons across various methods. The ob-
jective cost rate is calculated by normalizing the objective
function value of each method, f(u}, ., .q) against a reference
value. Specifically, this reference is the minimized objective
function value obtained using the scenario approach, denoted
as f(ug,). The objective cost rate for the scenario approach
itself is set to 1, establishing a baseline for comparison.

o In-sample and Out-sample Violation Rates: This metric
is determined by dividing the number of samples in which
the solution w4 Violates the joint chance constraint by the
total number of samples.

B. Offline Training Results

This section evaluates the impact of the safety parameter on
the performance of the robust optimization method, polyhe-
dron reformulation, and the proposed LOOP — JCCP model
using the training dataset. An optimal safety parameter is
determined based on training performance and then applied in
the online testing phase. It’s important to note that the scenario
approach and the CVaR method do not require parameter
tuning and are not discussed here.

Objective cost rate

In-sample violation rate (%)
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Figure 5 shows how performance varies with the safety
parameter; as it increases, costs rise and conservatism grows,
evidenced by lower violation rates. When the safety parameter
is minimal, costs are below those of the scenario approach, in-
dicating efficiency. At zero, the robust optimization and poly-
hedron reformulation methods treat uncertainties uniformly,
based solely on sample set averages.

The LOOP — JCCP model employs a generalized gauge
map to ensure solutions stay within feasible limits, resulting in
higher conservatism than the polyhedron reformulation when
using the same safety parameter. The safety parameter range
for LOOP—JCCP is restricted to [0, 1], simplifying selection
compared to the robust optimization method, which has a
more complex, open-ended range. This difference results in a
nonlinear relationship between safety parameters and violation
rates in robust optimization, complicating the targeted safety
parameter selection.

C. Online Test Results

After offline training, we selected safety parameters s
1.98 for the robust optimization method and p = 0.68 for
the proposed LOOP — JCCP model. Table I shows the
performance comparison on the testing dataset.

The CVaR method outperforms the scenario approach in
objective cost rate, mainly because it focuses on the average
outcomes of the worst cases, allowing for some infeasibility,
unlike the scenario approach that requires feasibility in every
scenario. Both methods, however, lack the flexibility to ad-
just violation rates due to their fixed parameters, leading to
consistent performance with a given sample set.

Contrary to expectations, increased conservatism in the
robust optimization method at s 1.98 resulted in higher
costs and violation rates compared to the scenario approach.
The proposed polyhedron reformulation, however, achieved
the best objective cost rate, significantly aiding the LOOP —
JCCP model, which emulates this reformulation. While the
LOOP—JCCP model has a slightly higher objective cost rate
compared to other solver-based methods, its faster execution

Out-of-samole violation rate (%)
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Fig. 5. Comparative analysis of robust optimization, polyhedron reformulation, and LOOP — JCCP using varying safety parameters to evaluate objective

cost rate, in-sample, and out-sample violation rates. The objective cost rates are normalized against the scenario approach, expressed as f(uy 0 4)/f(ug ).
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TABLE I
THE PERFORMANCE OF DIFFERENT METHODS ON TESTING DATA SET

Objective  In-sample Out-sample . . Our time
Method cost rate violation rate (%)  violation rate (%) Time (s) improvement
Scenario approach 1.0000 0.0000 0.0087 162.3415 48000x
CVaR method 0.9979 2.0903 2.3368 1194.4189  350000x
Robust optimization 1.0037 4.8750 4.8528 6.7044 2000x
Polyhedron reformulation  0.9967 4.8402 4.5965 6.1749 1800x
LOOP — JCCP model  1.1011 4.4791 4.3666 0.0034 -

time, detailed in Table I, provides a crucial advantage for VPPs
that demand quick responses. Training is conducted offline,
with an average training time of just 1 to 2 seconds. This
efficiency is essential, especially when online test results re-
quire immediate corrective actions such as parameter retuning
or model redevelopment.

Figure 6 provides a comprehensive summary of the char-
acteristics of different methods applied to the same sample
set in our experiment. Among these, the polyhedron reformu-
lation stands out by achieving the lowest objective cost rate,
thereby ranking highest in terms of cost minimization. When
considering the flexibility to meet various customized violation
rates, both the scenario approach and the CVaR method are
less favorable. Their performances are fixed since there is no
parameter available for tuning the violation rates, resulting
in their lower ranking in this aspect. In terms of parameter
range and ease of tuning, the robust optimization method is
hindered by shortcomings. Its safety parameter range s is
larger than zero and open-ended, and exhibits a higher degree
of nonlinearity, making it more challenging to determine the
appropriate value. Conversely, the safety parameter range p
for the LOOP — JCCP model is confined within [0, 1],
displaying a more linear relationship where the violation rate
changes evenly with the safety parameter.

2= Scenario approach Cost minmization

] -
#» CVaR method ;' "..
Robust optimization ;'2 .’o.
* *
%= Polyhedron reformulation ~ +* 3 ‘e,
*
£LOOP - JCCP model -~ & 3
* *
e * *
Adaptability 5 % Flexibility
..0. ““‘
"0 3
e Lo
b .
’.0 0“
0“
Speed

Fig. 6. We evaluate four key characteristics of different methods: Cost
Minimization, measuring the efficiency in reducing the objective cost rate;
Flexibility to Meet Various Customized Violation Rates, assessing the ability
to adjust parameters for different violation rate requirements; Speed, focusing
on the computational efficiency and execution time of each method; and
Adaptability to Different Testing Datasets, gauging the responsiveness and
flexibility of a method when faced with new or varied data conditions.

Regarding execution time, LOOP — JCCP model has the
fastest performance compared to the other methods. In terms of
adaptability to different testing datasets, the scenario approach
and the CVaR method have the lowest rank due to their

lack of adjustability. The robust optimization method is more
adaptable than these two, but it is still behind the proposed
LOOP — JCCP model. This is because the solver in the
robust optimization method takes more time to update the
safety parameter s and to redevelop models. On the other hand,
the proposed LOOP — JCCP model demonstrates superior
adaptability and responsiveness to changes in test data.

V. CONCLUSION

This paper addresses the significant challenges posed by
integrating renewable energy sources into power systems,
focusing on the substantial uncertainties involved. We de-
veloped LOOP — JCCP, a novel neural approximator, to
predict optimal solutions for joint chance-constrained power
dispatch problems, offering a faster and more flexible solution
for managing these uncertainties. Our method features an
innovative polyhedron reformulation, enabling the model to
learn and adhere to specific constraints effectively.

By integrating explainable components, such as the set
aggregate module and the closed-form feasibility module,
LOOP—JCCP aligns with XAl principles. This integration
provides transparency and interpretability, allowing operators
to understand, validate, and trust the solutions. Our model’s
parameter adjustment capabilities, adaptability to diverse data
conditions, and significant reduction in execution time make
it an invaluable tool for reliable power system operations,
enhancing informed and transparent decision-making amidst
the unpredictability of renewable energy sources.

APPENDIX A

This section presents the detailed models of four classes of
VPP assets that are discussed in Section II-A in an abstract
manner. These asset classes include inflexible loads, flexible
loads, dispatchable generators, and non-dispatchable genera-
tors. In what follows, we will provide a detailed model for
each asset class [22].

1) Inflexible Loads

The inflexible loads are modeled as inputs to the decision-
making problem and are represented by fixed quantities.

2) Flexible Loads — Heating, Ventilation, and Air Condition-
ing Systems

We consider the following representation for the inverter-
based heating, ventilation, and air conditioning systems. The
power demand is denoted as Py, .

it g it—1
Tyvac = euvacTHvac

i it—1 Ui i,
+ (1 = efvac) <Toutt - r?VAC P H@Ac) (Al)
HVAC
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here Tﬁ’f,AC is the indoor temperature, T;;ft indicates the
forecasted outdoor temperature, ey ac 1S the inertia factor,
Nirvac 1s the coefficient of performance, A}y, is thermal
conductivity. The comfort can be adjusted within a range i.e.,

[Ti. T ] (see (A2)). Also, (A3) limits the control to the
size of air-conditioning (i.€., Pfjvacmax)-
Trlmn < T HVAC < Télax (A2)
0 < Pivac < Plivacmax (A3)

In this paper, we consider a single time step; hence, the
coupling constraints can be represented by up-lower bounds.

The HVAC temperature adjustments should not adversely
impact building occupants To this end, aHVAC captures the
cost coefficient, TR ¢ defines the optimal comfort temperature,
and binary variable BHVAC denotes occupancy state, with zero
indicating vacancy and one otherwise.

favac = Z Z B;ii/Acaﬁ\/Ac(Tﬁi@Ac
t iENA
3) Flexible Loads — Plug-in Electric Vehicles (pev)

The PEV charging power Plf,’év must respect the range
[Phivimins Phrvmax) as described in (AS5). Further, (A6) en-
sures that prosumer 7 ’s cumulative charging demand meets
the necessary energy Fpy, for daily commute.

—TRL)T (A%

(A5)
(A6)

% 1,0 %
PPEVmin < PPEV < PPEVmax
7.t %
§ :PPEV 2 EPEV
t

4) Other Flexible Loads
At any time t, the power of a flexible load should be

within a pre-defined operation range [Py, ., Pul . 1, for
any prosumer i € Na:
it it
PFLrnin < PF < PFLmax (A7)

The objective is to limit the differences between the op-
timized and baseline consumption profiles (i.e., PgLref) for
flexible loads. Here, othL is the inconvenience coefficient.

frL = Z Z OliFL( PFLref)

t i€ENA

(A8)

5) Dispatchable Generator and Flexible Load — Energy Stor-
age Systems

Depending on energy storage’s charging and discharging
status it can be classified as a dispatchable generator or a
flexible load. , ,

At any time ¢, the charging Ppls (or discharging Pé’éSD)
power of the energy storage system must not exceed PESSmaX,
as indicated in (A9). Also, (A10) and (A1l) define Rsoc as
the state of charge (SoC) and bound its limits. Here npqqc
and njqqp denote the charging and discharging efficiencies.
Finally Ejqqy refers to the capacity.

0 < Pidsc < Phssmax: 0 < Piisp < Phssmax  (A9)
i ' P
- (PEgSC?ﬁESSC - FSSD) At
Ré’éél Rglc + e (A10)
Egsn
Socmin < Ret < RboCmax (Al1)
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The energy storage systems aim to simultaneously minimize
maintenance and operation costs as shown in (A12). The
coefficient ahqq connects the maintenance cost with charging
and discharging behavior.

fuss =Y Y apss(Passc + Pissp)

t iENA

(A12)

6) Non-dispatchable Generators — Photovoltaic (pv) Arrays

The PV power output, given by (A13), is determined by the
solar irradiance-power conversion function. Here, R%V, rep-
resents the solar radiation intensity, Apy denotes the surface
area, and npy is the transformation efficiency.

Ph = Rby Apynpy (A13)
7) Non-dispatchable Generators — Wind Turbines
Wind turbine plant generation is given by [33]:
3
Pgfina = 1/20Wind AWind Clying Viwind (Al4)

where pwing denotes air density. Also, Awing shows the
swept area of the blades, C¥;, , denotes power coefficient,
and Vi, 4 captures the wind speed.
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